A micro-level agent-based model of innovation diffusion was developed that explicitly combines (a) an individual's perception of the advantages or relative utility derived from adoption, and (b) social influence from members of the individual's social network. The micro-model was used to simulate macro-level diffusion patterns emerging from different configurations of micro-model parameters. Micro-level simulation results matched very closely the adoption patterns predicted by the widely-used Bass macro-level model (Bass, 1969 [1]). For a portion of the pq domain, results from micro-simulations were consistent with aggregate-level adoption patterns reported in the literature. Induced Bass macro-level parameters p and q responded to changes in microparameters: (1) p increased with the number of innovators and with the rate at which innovators are introduced; (2) q increased with the probability of rewiring in small-world networks, as the characteristic path length decreases; and (3) an increase in the overall perceived utility of an innovation caused a corresponding increase in induced p and q values. Understanding micro to macro linkages can inform the design and assessment of marketing interventions on microvariables -or processes related to them -to enhance adoption of future products or technologies.
Introduction
The rapid pace of technological innovation and its importance to the global economy has focused the attention of academia and industry on understanding the processes and drivers behind the diffusion and adoption of innovations [2] . Innovations are defined here as a new product, a new process, a new technology, or even a new organizational form. In turn, the spread of an innovation in a market is termed "diffusion." From the marketing perspective, it is important to understand how marketing communication efforts and social influence from previous adopters may affect the adoption decisions of consumers and, consequently, the diffusion of a new product. The wealth of research into modeling and forecasting the diffusion of innovations is impressive; recent reviews of diffusion models can be found in [3] [4] [5] .
The diffusion of innovations may be approached from two alternative perspectives: the macroscopic and microscopic. At the macro level, an entire market is examined to identify or forecast how many customers will eventually adopt an innovation (the market size), and when they will adopt (the time path of adoption). Many macro-level studies of innovation diffusion are rooted on the influential work of Bass [1] described in more detail in the next section. Macroscopic models provide parsimonious and analytically tractable ways to look at a whole market and interpret its behavior. A related advantage is their use of market-level data − often more available than individual-level data − to forecast sales [6] . On the other hand, macro-models do not provide insight about the processes that determine adoption, or on how individual market interactions are linked to global market behavior [5] .
In contrast, at the microscopic level each decision unit (an individual, a household, a firm) must choose whether to adopt an innovation; in this approach, analytical emphasis is placed on understanding the processes and factors influencing the individual adoption behavior, including both product characteristics and social interactions and to analyzing how it affects the aggregate diffusion process [7, 8] ; understanding the nature of these processes can inform marketing strategy recommendations [9] In the last few decades there has been growing awareness of the importance of social structure as the substrate for the diffusion of innovations. An implicit assumption in macro approaches such as the Bass model is that the target population is fully-connected, that is, that every individual potentially can interact with everyone else in the population and can exert the same social influence as everyone else [10] . This is clearly not realistic, as there is considerable evidence that social networks are neither homogeneous nor fully connected. In particular, the topologies known as small world networks (SWNs, [11] ) appear often in models of social relations [12] . SWNs have high values of both connectivity (i.e., short average path length) and clustering, making propagation of information more efficient than in other topologies [13, 14] .
In addition to social structure, recent strands of the diffusion literature also emphasize heterogeneity in the characteristics of consumers − such as their susceptibility to the behavior of others or sensitivity to price − that lead to differences in an individual's propensity to adopt [8] . Recent studies have even challenged the prevailing notion that social contagion is an important driver of new product diffusion, instead pointing out that typical S-shaped diffusion curves need not stem from social contagion, but can result from heterogeneity among individuals in their intrinsic tendency to adopt [9] . Consumer heterogeneity, however, is not explicitly considered in macro-level diffusion models.
Simulation models (e.g., cellular automata, agent-based models, percolation models) provide a way to systematically conduct experiments on how micro-level variables affect innovation diffusion processes [8] . Recently, agent-based modeling [15, 16] has increasingly been used in diffusion studies because it can overcome some of the limitations of aggregate-level models such as the assumption of homogeneous adopters, or the lack of explicit social structure. Reviews of agent-based modeling in the context of innovation diffusion are in [17] and [6] .
In agent-based models (ABMs) of innovation diffusion the modeling unit is the individual consumer or agent, not the social system as a whole. The micro-level processes that drive adoption decisions are explicitly specified. In turn, macro-level adoption dynamics emerge from the aggregated individual behavior and the interactions between agents [18] . Moreover, ABMs can capture individual heterogeneity in several characteristics, including responsiveness to price and advertising [19] , presence of negative word of mouth [20] , intrinsic consumer innovativeness [21] , and individual roles in the social network -that is, hubs, connectors, and experts [22] . In ABMs, agents can interact with other agents through social networks that can be explicitly specified with different topologies and parameters. The ABM approach thus allows definition of a broader range of social interactions than Bass' "word of mouth". For instance, [23] expanded adoption decision rules in order to reflect network externalities that exist when consumers derive utility from a product based on the number of other users.
The central goal of this paper is to explore associations between parameters of a micro-level ABM and emergent patterns [18] from widely-used, macro-level models of innovation diffusion. Previous studies linking individual-level behavior and market-level patterns have been undertaken by [9, 24, 25] . In particular, the relationship between ABMs and the Bass model was studied by [26] and [7] . Shaikh et al. [27] showed that adoption by agents connected by a small-world network can be aggregated to create the Bass model. However, the interface between the individual level and the aggregate level still needs further exploration. We show here that results from an ABM can be consistent with the aggregate-level empirical data about adoption that are typically more available for analysis [23] . From a theoretical point of view, our contribution is a micro-level approach that considers plausible social network topologies, and allows heterogeneity among decision-makers (not explored here for the sake of length). Moreover, the decision algorithm underlying our approach [28] would let us easily introduce uncertainty in adoption decisions (e.g., due to social and economic contexts). The combination of all these features offers a versatile tool for future work.
The paper is organized as follows: section 2 provides a brief description of the Bass model and its associated parameters. Section 3 introduces the micro-level agent-based model we developed, including details about the adoption algorithm and the implementation that allowed numerical experiments. Section 4 describes experiments performed to link the micro and macro levels. We study how changes in the topology of the social network can affect the induced parameters of the Bass model and we estimate analytically how takeoff time changes. This allows us to understand the influence of micro-level processes on patterns of adoption at the macro level. Possible application of this understanding is illustrated with an example. Section 5 summarizes the main conclusions, and points to possible future work.
Brief overview of the Bass model
A large body of research using macroscopic models of innovation diffusion has been based on the framework originally developed by Bass [1] . The Bass model characterizes the diffusion of a product or technology as a contagious process initiated by the spontaneous adoption of consumers responding to external influences (such as mass media coverage), and propelled by internal influences (such as word-of-mouth between individuals). Although originally developed for consumer durable goods, the Bass model has described successfully the diffusion dynamics of a wide spectrum of products [1, [29] [30] [31] [32] [33] ].
The Bass model involves two main parameters: the innovation parameter p that reflects people's intrinsic tendency to adopt an innovation, and the imitation parameter q that reflects "word of mouth" or "social contagion." These two parameters respectively capture the behaviors of two types of adopters in a population: innovators and imitators. Innovators have a constant propensity to adopt; they accept a new product or technology because they perceive it to have comparative advantages or a positive difference in utility against existing alternatives. The innovators' decision to adopt is mostly influenced by external influences (e.g., advertising). In contrast, the adoption decision of imitators is determined by internal influences resulting from interactions among adopters and potential adopters in the social system; specifically, adoption by imitators is influenced by the proportion of previous adopters.
In the original Bass article [1] and many of the studies that followed it, q was interpreted as representing the influence of word of mouth among individuals. This word of mouth − now facilitated by multiple technologies and media (e.g., e-mail, Twitter, YouTube) − includes both functional and social signals [10] . Functional signals convey market perceptions of the functional attributes of a product, such as its quality or the risks involved in adoption. Correspondingly, social signals also transmitted by word of mouth convey norms concerning consumptive behavior and information on the social consequences of adopting the product, including the social risks of adopting (or not) the innovation [34] .
The temporal pattern of adoption is parsimoniously represented in the Bass model by a differential equation (1) that can be solved analytically [1, 35] :
At any given time, all individuals are assumed to be in one of two possible states. An individual is in state + if s/he already has adopted the innovation. Conversely, state -denotes a non-adopter. In Eq. (1), n is the proportion of the target population in state + (i.e., the total number of adopters divided by the population size). In all calculations, we assume that at the start of the simulations all individuals are in state -, that is,
0 n . Solving Eq. (1) assuming this initial condition, we obtain:
Parameters p and q can be estimated from actual adoption data. For p and q values reported in the literature, the proportion of adopters as a function of time generally follows an S-shaped function.
An important observable quantity widely discussed in the literature is the "takeoff time" TO t , defined as the time in the life-cycle of an innovation when it transitions from the introduction stage to the growth stage [36] . In other words, the takeoff time represents the change from a "desirable product" to a "popular product." Mathematically, TO t corresponds to the time when the change in the derivative of the proportion of adopters reaches a maximum [36] . Therefore, TO t can be calculated solving the equation:
The solution to Eq. (3), which had already been derived by [37] is
The takeoff time is very important to a firm introducing an innovation, as a fast and substantial takeoff can guarantee a competitive advantage, set up a wave of contagious consumption, and therefore determine whether an innovation becomes a hit or a flop. On the other hand, rapid growth requires extensive resources that need to be available, such as sales staff, and manufacturing, distribution, and inventory support [38, 39] . Most importantly, takeoff is often a signal of the mass adoption of a product and its ultimate commercial success. Knowing the impact of company decisions on the likelihood and timing of takeoff is important for effectively managing such success [40] .
Agent-based modeling of innovation diffusion
To explore the connection between micro-and macro-level modeling approaches to the diffusion of innovations we implement an ABM of innovation adoption based on the well-known Ising model [28, 41] . The model explicitly combines (a) an individual's perception of the advantages or relative utility derived from adoption of an innovation, and (b) social influence from relevant members of the individual's social network. We embed these micro-level dynamics into an ABM to simulate emerging macro-level patterns of innovation diffusion throughout aggregate systems with different configurations (temporal and spatial distributions of innovators, alternative topologies of the social network). 
Innovation adoption algorithm
The adoption algorithm in our ABM has been described in detail elsewhere [28] and will only be briefly reviewed here. At each time step, individuals calculate a difference between the overall utilities associated with state + (adopting the innovation) and state -(non-adoption). For an agent i, the overall utilities of both states ( i U and i U ) are defined by
Uu .
The expression for overall utility in Eq. (5) has two terms. The first term describes the contribution of social influence from decision-maker i's social network, whereas the second term involves the contribution of agent i's perceived utilities or preferences for states + or -, irrespective of other agents [42] . The social influence in Eq. (5) is quantified by i or i , where i is the proportion of social contacts of agent i (those individuals to whom i is connected by a first-degree social link, and assumed to have a social influence on i's decisions) who already have adopted the innovation. Similarly, i represents the proportion of social contacts who have not adopted yet. Clearly, both quantities must satisfy: perceptions for agent i. The value of i may depend on the individual, but differences are also tied to the type of innovation considered [43] . For example, in fashionable markets (clothes, electronic gadgets or luxury items) social influence often has a large relative weight, whereas in other types of products (e.g., household appliances) social influence is smaller. Other factors that may affect the relative importance of social influence are the cost and complexity of the innovation, and the observability of results [44] . For simplicity, all our calculations assume that social influence and personal perception are weighed equally, that is, 0.5. Following [28] , the probability of agent i being in state + is 1, 0.5 or 0 depending on the sign of
, agent i will adopt the innovation (i.e., will be in state +) with probability 1; if i U = 0, the probability of being in either state (+ or -) is 0.5; finally, if i U < 0, agent i will not adopt the innovation (i.e., probability of adoption is 0).
In order to compare the micro-model with the Bass model, a modification to our original ABM specification is necessary: here, we do not allow transitions from state + (adoption) to state -(non-adoption). This is because Bass' research was performed in the context of the consumer durables market, where disadoption is not observed. Therefore, the modified decision algorithm 8 is as follows: if i U > 0, agent i will irreversibly adopt the innovation; otherwise the agent remains in his current state.
Agent-based model implementation
In the Bass model there are two types of decision-makers: innovators and imitators. The ABM also involves two kinds of agents that are closely related (but not identical) to the Bass types. As in the Bass model, innovators in our ABM spontaneously adopt an innovation during the first few steps of the simulation and they are not influenced by social contagion. Unlike the Bass model, the adoption behavior of the rest of agents in our ABM does not only reflect social influence, but also individual preferences for an innovation.
Multiple software frameworks exist that reduce significantly the programming effort and time required to develop ABMs and the chances of making errors [45, 46] . We used REPAST Simphony, an open source framework maintained by Argonne National Laboratory [47] .
The ABM environment is a 2-D lattice involving 40,000 nodes (a 200 x 200 grid). Each node represents an agent that makes decisions about the adoption of an innovation. Ties between nodes represent opportunities for contact between agents from the perspective of influencing adoption [27] . In the base model, agents are linked only to their nearest (first-order) neighbors in the lattice. All agents have the same number of social contacts (either 4 or 8, depending on the use of von Neumann or Moore neighborhoods) except for those located along the edges of the lattice, who have fewer contacts because periodic boundaries (i.e., a torus) are not used. In subsequent simulations, the regular network (the 2-D lattice) is replaced by alternative topologies built using the random rewiring procedure of [11] to generate small-world networks. This procedure is parameterized by a rewiring probability ( r P ) that represents the probability of a firstorder link being replaced by a "weak link" to a more distant node.
At each time step of the simulation, all agents who still have not adopted an innovation decide if they will adopt; otherwise agents remain in their previous state (remember, adoption is irreversible). As described above, the decision to adopt is based on the overall relative utility of the innovation. In turn, adoption is partly influenced by an agent's perception of the difference in utility between the new and old alternatives (
u u u ). The perceived value may be different for each individual, depending on his personal characteristics (e.g., his aversion to risk [48] ) or his exposure to functional signals. For simplicity we assume here that the variability of personal perceptions among agents is small, thus justifying use of the same i u for all decision makers. Moreover, i u is assumed to be constant in time. In a more realistic scenario, an inhomogeneous distribution of i u values should be considered. A simulation continues until only small fluctuations are observed in the adoption pattern, or a given option prevails completely.
Introduction of innovators
In the Bass model, the number of innovators grows asymptotically with time. To reflect this characteristic, innovators are exogenously introduced into the ABM at the beginning of the simulation according to a heuristic procedure based on Eq. (1). Eq. (1) is rewritten in integral form, 9 replacing n with / NN , where N is the number of adopters and N is the total number of agents in the population:
where 0 (0) NN . In the following, to be consistent with Eq. (2), at the start of a simulation all individuals are assumed to be in state -; that is,
Eq. (7) involves two terms, respectively multiplied by parameters p and q of the Bass model. The first term represents the contribution of innovators to the total number of adopters, whereas the second term denotes the contribution of imitators. Then,
In order to define a first-order approximation to the contribution of innovators, the time derivative of ()
I
Ntat t = 0 is calculated; this value is called and describes the rate of introduction of innovators into the ABM. Then, from the derivation of Eq. (8) we get pN .
The introduction of innovators does not continue throughout the simulation, but only until a final proportion of 2.5% of innovators is reached, following Rogers' definition for this type of adopters [49] . As the population size in our ABM is 40,000, 1000 innovators need to be introduced, but they can be added at different rates. From Eq. 
Results

Overview
The central motivation behind the experiments presented below is to explore associations between microscopic parameters in an ABM of innovation diffusion and parameters of the macroscopic Bass model. First we simulate multiple cumulative adoption trajectories over time by varying the most important micro-parameters in the ABM (Section 4.2). Then, we estimate values of p and q Bass parameters and calculate takeoff time for each simulated adoption trajectory (Section 4.3). Next, we explore how p and q values respond to changes in ABM micro-variables (Section 4.4). The Bass parameters derived from micro-level simulations are compared to values reported in the literature for actual innovations (Section 4.5). We investigate associations between estimated takeoff times and ABM micro-variables (Section 4.6). Finally, we present a simple example (Section 4.7) to illustrate possible use of results.
Generation of synthetic adoption trajectories using a microscopic model
In this section, we generate multiple simulated adoption trajectories by varying the values of important parameters in our micro-level ABM. The microscopic parameters considered can be grouped into two major categories that respectively represent: (a) external influences linked to innovation processes ( u , , and , described below) and (b) internal influences related to imitation processes ( r P and k ).
Parameter u describes the difference in utilities between adoption and non-adoption (or alternatively, new and existing products or technologies). As described above, this variable reflects an individual's perception that can be influenced by external factors such as improvements in the performance or decreases in the price of an innovation. Two values will be explored for this variable, 0.6 and 0.8 that respectively indicate positive and highly positive utilities for the simulated innovation. These values ensure that market saturation (100% adoption) is reached.
The second parameter considered is the rate of introduction of innovators . This parameter can plausibly be tied to advertising − among other external influences − but not to word of mouth. As described above, innovators (here, 1000 or 2.5% of the population) can be introduced into the simulations at different rates (see Section 4.1). As all simulations take from 15 to 45 steps to reach full adoption, we chose 8 steps as the maximum number of steps during which innovators are introduced; this is because in the Bass model innovation occurs in the earlier stages of the adoption process. We specify, then, that adoption by innovators can take place in 8, 5, 4, 2 or 1 simulation steps or "ticks," corresponding to rates of 125, 200, 250, 500 and 1,000 adoptions per tick, respectively.
Because we are simulating adoption on a lattice that reflects social distance among agents, the distribution of innovators can have an influence on subsequent diffusion [50] . We explore three different patterns of spatial dispersion ( ), ranging from a compact group of innovators in the center of the lattice to a uniform distribution of innovators. An intermediate pattern involves a few clusters of innovators throughout the lattice. The distribution of innovators loses importance as the network in which diffusion takes place changes from regular to fully random topology.
The second group of micro-model parameters is related to the topology of the market's social network. We explore two of these parameters. The first one is the probability of rewiring between adjacent nodes, The final parameter to be explored is k -the degree of the social network, i.e., the average number of social contacts for each agent. Individuals who are related to many others who already have adopted an innovation may have greater probability of adoption because their peers can provide information about the advantages or risks of the innovation and ultimately exercise greater joint influential power. This has been referred to as the "degree effect," after the number of connections (degree) an individual has. We simulate two network degree values: 4 and 8. These 11 values correspond to 4 and 8 first-order neighbors in a regular network (i.e., von Neumann and Moore neighborhoods in a spatial lattice). For r P > 0, although the regular lattice is rewired, the number of contacts for each agent is modified but the average degree of the network remains unchanged.
The different values considered for the five parameters in our micro-model yield 360 unique combinations: we simulated adoption for each of these combinations. These simulations resulted in 360 synthetic adoption trajectories (i.e., the cumulative proportion of adopters as a function of time).
Fitting parameters of the Bass model
Parameters of the Bass model can be estimated from empirical data using a variety of methods such as ordinary least squares [1] , maximum likelihood [52] , nonlinear least squares [53] and genetic algorithms [54] . We estimated values of p and q for each of the 360 simulated adoption trajectories described in the previous section using function NonLinearModelFit in Mathematica 8 [55] with default parameters. A few illustrative fits are shown in Fig. 1 . All four panels correspond to simulations using u = 0.6, k = 8 and a "uniform" distribution of innovators ( ). The top two panels (Figs. 1a and 1b) correspond to a fully regular network ( 
Linking p and q Bass parameters to changes in microscopic parameters
Estimated p and q values can be associated with the parameters of the microscopic model used to simulate adoption patterns. Fig. 2 shows the boundaries of a region that encompasses all values of p and q estimated for adoption trajectories simulated with a subset of combinations of micro-parameters: u = 0.6, k = 8, and a "compact" spatial distribution of innovators. This region spans all p and q values induced by the simulated adoptions. An important implication is that any pq combination within this region can be mapped to a particular combination of micro-model parameters. Thus, we can assess aggregate adoption patterns resulting from plausible interventions via changes in micro-parameters.
[ Insert Fig. 2 here ] p is tied to innovation processes and has greater relevance during the early stages of an adoption. At the same time, variations in do not induce substantial changes in the q parameter (the y-axis in Fig. 2 ) and therefore the upper and lower boundaries are relatively horizontal. It seems reasonable to expect that changes in numbers of early adopters will not influence the probability of imitation if the linkage between micro-and macroscopic models is not only mathematical but also conceptual.
The two sides of the region in Fig. 2 are defined by p and q values induced as the topology of the social network in the micro-model changes from a regular network ( r P = 0.00) at the bottom of the region to a SWN with r P = 0.04 at the top. That is, the induced changes in q result from the full range of rewiring probabilities associated with small-world networks. As we move up along the side boundaries, the values of q more than double from 0.35 to about 0.70. These changes in q are reasonable, because an increase in the probability of rewiring decreases the average path length of the network, which in turn enhances linkages among nodes that facilitate imitation processes. Differences in network topology also seem to induce changes (a slight decrease) in p ; that is, the side boundaries of the region are oblique, not vertical, because p also changes in response to variations in r P . The reasons for the induced changes in p are unclear, as one would not expect the network topology to influence innovation, a process assumed to respond solely to external influences. Following the probabilistic line of thought that inspired the Bass model, 13 perhaps parameter p should not be conceptualized as a spontaneous generation of adopters totally isolated from social context, as this seems unlikely. On the contrary, innovating behavior can be influenced by an agent's social identity, in turn somehow tied to his social network. For example, if a farmer perceives that "being a good farmer" involves adopting new technologies earlier than peers, then innovating characteristics may be tied to an agent's self-perceived social role within his network. Such a linkage might explain the dependence of p on r P .
A region similar to that in Fig. 2 can be defined for a network of degree k = 4 (all other microparameters remained the same). For the sake of space, this region is shown in Fig. 3 (in dashed  lines) . The shape of the region is similar to that for k = 8, and the same considerations apply to the ties between micro-model parameters ( and r
q values). The reason for this displacement is not immediately intuitive, but is tied to changes in the social influence necessary (represented by the number of adopter neighbors) to cause adoption for a given relative utility. In our adoption model, a reduction in the degree of the network is equivalent to a reduction in the number of adopter neighbors required for an agent to adopt. For instance, for k = 8 and u = 0.6, two adopter neighbors are necessary to trigger adoption, whereas for u = 0.8 (i.e., higher perceived benefits) only one adopter neighbor is needed. In contrast, for k = 4 only one adopter neighbor is needed for u values of both 0.6 and 0.8 (for this reason, results for u = 0.8 were not plotted).
Comparison of simulated and real-world p and q values
Sixty-eight values of p and q from actual adoption patterns reported in five published studies [1, [29] [30] [31] 33] are shown in Fig. 3 . We plot here the region shown in Fig. 2 (in a solid line) and display a second region (in dashed lines) corresponding to the envelope for a second subset of simulations with a network of degree k = 4 (see discussion in previous section).
[ Insert Fig. 3 here ] Fig. 2 
Fig. 3: Comparison of p and q values estimated from actual adoption processes and those induced by simulated adoption trajectories. The region bound by the solid lines corresponds to that shown in
(k = 8). The region indicated with dashed lines corresponds to 4 k ; all other combinations of microparameters remain as for the solid-line region.
Many of the p and q values reported in the literature are within or near the boundaries of the two regions that encompass our simulated values (Fig. 3) . The observed points correspond mostly to consumer goods in the U.S. and Spain [1, 29, 30] , and to Internet use, broadband adoption and cell phone use in the U.S. and Argentina [33] . In contrast, other p and q values are not spanned by the two regions. The points outside the simulated regions correspond mostly to consumer goods introduced in Europe [31] . The location of these points in pq space suggests a greater importance of innovation processes. This might be related to the fact that these products had been released in the U.S. prior to their introduction in Europe. European users, therefore, may 14 have been exposed to prior information about these products. On the other hand, there may be cultural differences in adoption patterns [9, 40, 56] .
The / qp ratio summarizes the shape of a cumulative adoption curve and can be interpreted as a shape parameter [24] . The points not contained within the two regions in Fig. 3 share a common characteristic: their / qp ratio is lower than for points that are within or near the two regions. Reference [9] describes the effect of many individual and social behaviors that may influence the / qp value. For example, individualism and heterogeneity are factors that tend to lower this value. Individualism can be modeled by means of a weighted balance between the individual preference and the social pressure. In our ABM, this is mathematically equivalent to increasing the value of u , a change that has already been analyzed. Heterogeneity, in turn, requires use of distributions of individual characteristics for decision-makers. This approach has not been considered here, but should be addressed in future work.
Simulated takeoff times as a function of micro-parameters
In this section we explore changes in 
An example application
To illustrate the possible application of our approach, we present a hypothetical but plausible example. We focus on a multinational corporation that is introducing a new product in different markets (e.g., different countries). We assume the innovation has already been introduced in a few markets, one of which (M 0 ) has similar socio-economic characteristics to the new market (M) where the product will be introduced. Moreover, we assume the previous and new markets are isolated from one another (i.e., there is no interaction among decision-makers in both markets). The company wishes to enhance the cumulative profits from the innovation (between introduction and a specific time) via investment in advertising. To achieve this goal, the company may follow the steps described below.
1. We assume that the product's diffusion in market M will be relatively similar to that observed in M 0 [57] . This implies that, under the same circumstances (i.e., initial conditions and parameters), the values of Bass parameters for market M ( , ) pq are equal to those that characterize the previous diffusion pattern in M 0 00 ( , ) pq .
2. We assume that the diffusion pattern defined by 00 ( , ) pq falls within one of the two regions of coincidence between micro and macro models (Fig. 3) . Then, we can find the combination of micro-parameters that induced the diffusion described by 00 ( , ) pq .
3. In order to assess the outcome of manipulating control variables to enhance diffusion and profits, an association should be established between a plausible control variable (e.g., an additional investment I ) and relevant micro-parameters. In this example we focus on microparameter − the rate of introduction of innovators. Defining the shape of the association is beyond the scope of this paper and should be the object of marketing research. Nevertheless, without loss of generality, we can assume that micro-parameter is an increasing function of investment, i.e., () I .
4. Another variable that needs to be defined is the time * t at which the cumulative profits from the innovation will be assessed. We assume that * TO tt for any adoption pattern, as it would be unreasonable to expect to recover investments before an innovation has taken off (at time TO t ). Fig. 4 tt . However, we must determine the impact on cumulative net profits from increased sales.
As shown in
6. We define G as the cumulative net profit after subtracting the additional investment in advertising. Then, it is reasonable to assume that G is a known function of , nt , which in turn is parameterized by and t*. The described procedure allows the company to assess whether the expected profits G are sufficient to recover the investment in advertising and derive a desired return on this investment. In other words, the company may assess whether 0 min ,,
where min ROI is the minimum desired return on investment at time t . Eq. 10 defines the criterion to evaluate whether the additional inversion in advertising is profitable or not.
Conclusions
We have successfully aligned [58] micro-and macro-level approaches to modeling diffusion of innovations. Several micro-level simulations performed with different parameter combinations match very closely the aggregate adoption patterns predicted by the widely-used Bass model. Moreover we showed that, at least for a portion of the domain, results from micro-simulations are consistent with observed aggregate-level adoption patterns. Specifically, combinations of p and q Bass parameters estimated from actual adoption trajectories can be induced by the processes specified in our micro-level model of innovation adoption. The main implication is that any pq combination within the domain of coincidence (the two regions shown in Fig. 3 ) can be tied to a particular combination of micro-model parameters. In turn, this allows us to explore changes in macro adoption patterns resulting from plausible variation in micro-parameters.
We explored how p and q respond to changes in a few micro-parameters. Major results are as follows: (1) p increased not only with the number of innovators, but also with the rate at which innovators were introduced; (2) q increased with the probability of rewiring in small-world networks, as the characteristic path length decreased; and (3) an increase in the overall perceived utility associated with an innovation caused a corresponding increase in induced p and q values.
The takeoff time TO t is another useful macro-level indicator of the penetration of an innovation. Because takeoff time is a function of p and q , we also established an association between TO t and micro-level parameters. We found that the takeoff time was strongly affected by three variables: the difference in utilities between adoption and non-adoption ( u ), the rate of introduction of innovators ( ) and the average degree ( k ) of the social network underlying diffusion. Understanding which factors accelerate the time to take-off has important practical implications, as fast adoption requires appropriate production, distribution and marketing strategies that often require a considerable amount of investment and lead time [5] .
Macroscopic models provide parsimonious and analytically tractable descriptions of innovation diffusion. Nevertheless, this type of models does not provide insight about the individual processes and social interactions that may drive adoption [5] . In contrast, microscopic models easily capture the networks of relationships among individuals and heterogeneity in their attributes, but they increase computational requirements, constrain sensitivity analysis, and demand greater decision-maker time and attention. By contrasting micro and macro models of innovation diffusion, we can assess the importance of relaxing some of the assumptions (e.g., the perfect mixing and homogeneity assumptions) in the simpler macro models [26] . The alignment of micro-and macro-level modeling approaches does not seek to invalidate the widely-used Bass model, but to gain insight -within the domain of coincidence -of plausible processes underlying macroscopic patterns.
An analogy is how Statistical Mechanics does not invalidate Thermodynamics (that allows useful observation of relevant quantities), but attempts to explain its microscopic underpinnings.
From an applied point of view, understanding micro to macro linkages might allow marketing experts to design interventions on micro-variables -or processes related to them -that might enhance adoption of future products or technologies. An example of a possible application of our approach was presented in Section 4.7. Interventions such as lowering the introductory price of an innovation can help to jump-start spontaneous adoption by innovators. Another plausible strategy to enhance adoption by innovators may involve heavy initial investment in advertising to "prime the word of mouth pump," subsequently reducing the level of spending as the product diffuses (but see [59] ). Alternatively, the growing number of low-cost marketing technologies and media available for triggering social influence makes low advertising budgets at launch increasingly feasible. Micro-model parameters may be set to mimic individual effects of alternative marketing activities, and plausible individual-level responses can be included in the decision rules of agents [5] . Simulated aggregate results can then be used to assess the performance of different marketing strategies over the aggregate population. Δu=0.8 
